The work reported in this paper outlines the use of a combined artificial neural network model capable of fast online prediction of textures in low and extra low carbon steels. We approach the problem by a Bayesian framework neural network model that take into account as input to the model the influence of 23 parameters describing chemical composition, and thermomechanical processes such as austenite and ferrite rolling, coiling, cold working and subsequent annealing involved on the production route of low and extra low carbon steels.
Introduction
So that each input contributes to every hidden unit. The bias is designated  i (1) and is analogous to the constant that appears in linear regression. The strength of the transfer function is in each case determined by the weight w ij (1) . The transfer to the output y is linear (2) This specification of the network structure, together with the set of weights, is a complete description of the formula relating the inputs to the output. The weights were determined by training the network and the details are described by MacKay [10] [11] . The training involves a minimization of the regularized sum of squared errors.
The term  v was the framework estimation of the noise level of the data. Figure 3 shows, as an example, the inferred noise level of  = 45 model. It is clear from the figure that the inferred noise level decreases monotonically as the number of hidden units increase. Table 2 list the  v values obtained for each model.
However, the complexity of the model also increases with the number of hidden units. To find out the optimum number of hidden units of the model the following procedure was used. The experimental data were partitioned equally and randomly into a test dataset and a training dataset. Only the latter was used to train the model, whose ability to generalist was examined by checking its performance on the unseen test data. The test error (T en ) is a reflection of the ability of the model to predict in the test data:
where y n is the set of predictions made by the model and t n is the set of target (experimental) values.
A high degree of complexity may not be justified, and in an extreme case, the model may in a meaningless way attempt to fit the noise in the experimental data. MacKay [12] [13] has made a detailed study of this problem, and defined a quantity (the 'evidence') which comments on the probability of a model. In circumstances where two models give similar results for the known data, the more probable model would be predicted to be that which is simpler; this simple model would have a higher value of evidence. The evidence framework was used to control  v . The number of hidden units was set by examining performance on test data. A combination of Bayesian and pragmatic statistical techniques were therefore used to control the complexity of the model [14] .
For the particular case of  = 45 model shown in Figure 3 , it could be concluded that a large number of hidden units did not give significantly lower values of  v ; indeed, eleven hidden units were found to give a reasonable level of complexity to represent the variations of f(g) as a function of the input variables of Table 1. On the other hand, it is possible that a committee of models can make a more reliable prediction than an individual model. The best models were ranked using the values of their test errors (equation (3) The combined test error of the predictions made by a committee of L models, ranked 1 ,2...q...L, each with n lines of test data, is calculated in a similar manner to the test error of a single model: (4) where is the set of predictions made by the model and t n is the set of target (experimental) values. As Figure 5 suggests the combined test error goes through a minimum for the committee made up of certain number of models as it is listed in Table 3 . However, there some exceptions such as the one for  = 75 and  = 60 models where the build of a committee does not reduced the test error. In such cases, the best model is considered only. From a comparison between results presented in Figures 4 and 5 it is clear a reduction in test error and hence improved predictions by using the committee of models approach instead of the best model alone. Comparison between the predicted and measured values of  = 45 and  = 60, as an example, for the training and test data is shown in Fig. 6 for the best committee of each fiber component.
Nevertheless, the practice of using a best-fit function does not adequately describe the uncertainties in regions of the input space where data are spare or noisy. MacKay [12, 13] has developed a particularly useful treatment of neural networks in a Bayesian framework, which allows the calculation of error bars representing the uncertainty in the fitting parameters. The method recognizes that there are many functions which can be fitted or extrapolated into uncertain regions of the input space, without unduly compromising the fit in adjacent regions which are rich in accurate data. Instead of calculating a unique set of weights, a probability distribution of sets of weights is used to define the fitting uncertainty. The error bars therefore become larger when data are spare or locally noisy.
Figures 7 and 8 illustrate the significance ( w ) of each of the input variables, as perceived by the neural network, in influencing the components of -and -fibers, respectively. The variables analysed are organized in three groups, i.e. Group 1: hot rolling, Group 2: chemical composition and Group 3: cold rolling and annealing (see Table 1 ). The value of  w is normalized to 100, i.e. the value of  w for a specific variable indicates the degree of influence in percentage. The metallurgical significance of the results predicted by the models is discussed below, but a first approximation of the influence of each one of the variables studied could be drawn from a close observation of Figs. 7 and 8.
As general comment for the 19 models of -fiber components, and the 4 models of -fiber models, it is clear that the annealing temperature (AT) after cold rolling, together with cold-rolling reduction (CRED), clearly have a large intrinsic effect on -fiber components, and in a minor scale on -fiber components. In terms of hot rolling processing parameters the finishing stage has a significantly larger influence that the roughing stage.
Particularly, the slab reheating temperature (SRT) and the finishing temperature (FT) significantly affect the intensity of the -fiber components for the case of 0 to  components. A relative low influence of those parameters is observer for the remaining components of -fiber. It is also worth mentioning the lack of influence of a priori important variables such as finishing reduction (FRED), speed of rolling (FS) and the number of steps involved in the finishing process (nF).
On the other hand, finishing and roughing temperatures has a large influence on the components of -fiber, which is of technological importance since the intensity of such fiber is closely related with the deep drawing properties of the steels as it has been thoroughly reported in literature in the last decade.
Special attention to the role of chemical composition on the f(g) values of -and -fiber components has been paid. The chemical composition is not very relevant for the development of -fiber components (with the exception of 70 component). However, it is important to highlight the spectacular relevance of microalloying elements such as Nb and Ti have on the intensity of -fiber components. This is consistent with the well reported influence of these microalloying elements on tiding up the interstitial elements such as C and N, which have a negative influence on the development of good deep drawability properties. This broad idea is consistent with the high influence of C content in -fiber components, is it is seen in Fig. 8 .
It is surprising the high influence that lubricant (LUB) has on 0 component of -fiber, which could be related with the role of shear friction during rolling on the development of such component as it has been reported [15] . On the other hand, this parameter has a rather negligible influence on the remaining -and -fiber components.
Applications of the model: Evolution of hot-rolling texture in IF steels
The effect of rolling parameters such as SRT, FS and FT on a IF steel is reported in this section (see Table 4 Figure 9 shows the evolution of both alpha and gamma fibres for the two SRT selected. The FT value considered in calculations is 930 C and FS = 0.5 m s -1 . The remaining rolling parameters considered are listed in Table 4 . It is clear from the results presented that simulations are consistent with the typical low intensities on their alpha and gamma fibre expected after hot rolling processing. It could be concluded that there is not significant influence of SRT on hot-rolling texture.
On the other hand, Figure 10 presents the results for the influence of FT on hot-rolling texture. It has been selected three different temperatures. A FT of 930 C which indicates an austenitic rolling and subsequent aircooling to room temperature, and FT values of 800 and 650 C for the upper and lower ferrite region with the higher reheating temperature of 1250°C (see Table 4 for remaining processing parameters). Compared with austenitic rolling the intensities are significantly higher both for the alpha and the gamma fibre. Significant differences of the intensities can be observed especially for the alpha fibre but also for the gamma fibre with FT in the ferrite-region. However, they could not be linked to an influence of rolling parameters such as SRT, RT and LUB. The attempt to link the differences to the roll speed fails. Figure 11 shows the differences in both alpha and gamma fibres with FS for a FT = 800 C (see Table 4 for remaining parameters).
Applications of the model: Effect of chemical composition and processing parameters on the normal anisotropy index (r m ) in DDQ steels
On deep drawability quality (DDQ) steel, particular attention to {111}<uvw> orientation should be paid [16] [17] .
It has been demonstrated that high r m values are displayed by materials which have a high proportion of grains oriented with their {111} planes parallel to the sheet plane, i.e. by materials which possess a strong {111}} type texture (or -fibre texture). Other texture components, such as the {001}, have been found to be detrimental to the drawability and, in this sense, and according with the work reported by Daniel and Jonas [18] , the most desired texture components to obtain good drawability properties are {111}<110> and {111}<112>, and the most undesired ones will be {110}<001> and {001}<110>. In practice, the intensity ratio of the above two components, I(111)/I(100), is found to be linearly related to r m as it was determined by Held [19] . This author measured the evolution of r m with the -and -fibres intensities ratio, and concluded that there is a linear relationship expressed by (5) Therefore, the influence of different processing parameters (and chemical composition) on r m can be evaluated through the I(111)/I(100) ratio by means of the neural network model developed in this work. Table 5 lists the conditions considered in calculations. More precisely, it has been considered two alternative processing routes denoted as 'hot rolling' and 'cold rolling and annealing'. The former consist on processing the material as it is done in a traditional hot-rolling mill, meanwhile two additional stages (cold rolling deformation with a thickness reduction of 80%) and annealing temperature are added to the latter one. Those varying parameters are indicated. annealing temperature (AT = 750 C) have been used in calculations. The first conclusion that can be drawn from this figure is the significantly higher r m value for a cold-rolled and annealed material as compared with a hot-rolled one, which is a consequence of the dramatic texture differences between hot-rolled and cold-rolled and annealed steels. The recrystallisation of austenite during hot rolling (with a FT = 930 C) is unimpeded in and is sufficiently rapid to be essentially completed before the transformation to ferrite. This leads to an absence of texture components in the ferrite, since austenite did not contain any rolling components before transformation [20] . However, the cold rolling process induces a stored energy in the material that it is released during subsequent annealing treatment leading to the formation of deformation-free grains (recrystallization). On the basis of stored-energy considerations, the final texture should be dominated by nuclei which form soonest and which are most numerous. On this basis, the {111} components and a spread of random orientation may be expected, together with a small {110} component, in the cold-rolled and annealed steel as compared with hot-rolled one. This leads to a stronger I(111)/I(100) ration and hence to a bigger r m
Effect of chemical composition
value. Figure 12 also shows a decrease of r m as C-content increases for cold-rolled and annealed steel. This result is fully consistent with work reported by Fukuda [21] where showed that r m increased progressively with decrease in the amount of carbon. These effects have subsequently been corroborated by other workers [22] and confirm the broad idea that high levels of carbon were undesirable in deep drawing quality steels, which can probably be attributed to unfavorable annealing texture components nucleated around the harder second -phase pearlite islands. grains through a process of stress induced boundary migration. Therefore, the I(111)/I(100) ratio is weaken, and hence r m decreases.
Effect of processing parameters
The values of C, Ti and Nb considered in calculation are, respectively, [C] = 0.002 wt%, [Ti] = 0.037 wt% and
[Nb] = 0.029 wt%. A value of coiling temperature of CT=700 ᵒ C has been considered in predictions. Figure 15 shows the influence of FT on r m value for both hot-rolled and cold-rolled and annealed materials. It is worth mentioning that the FT values considered here include both the austenitic and ferritic rolling. The observed increase of r m value as FT deceases is related with the fact that at low FT values the steel is fully transformed to ferrite. The situation is therefore comparable with warm ferritic rolling procedure where rolling takes place in a ferritic stage. Thus, the formation of shear bands occurs which promotes the formation of dynamically recovered grains of {111} orientation enhancing the development of a strong -fiber texture [28] . This is consistent with the increase in r m value observed.
Regarding the evolution of cold-rolled and annealed material, a more complex behavior is observed. There is a maximum for a FT value of 850 C which is the lowest FT to ensure a complete austenitic rolling. In the austenitic rolling regime, lower FT induces an unrecrystallized austenite which promotes the formation of a very fine ferrite grains during subsequent austenite-to-ferrite transformation. During annealing after coldrolling, the {111} grains nucleate in the grain boundaries of deformed ferrite grains. Therefore, the finer the deformed ferrite grain, the more abundant {111} nucleation events. Thus, the -fibre strengthens with the concomitant increase in r m value. This can explain the increase of r m when FT is lowered in the austenitic rolling regime.
However, as it was reported by Jeong [29] , ferrite grain after hot-rolling markedly coarsens with a decrease in the FT. When the FT is lower than Ar3, the grain structure just after hot-rolling in two phase region of ferrite and austenite consists of the deformed ferrite and deformed austenite grains. The deformed austenite grains immediately transform to strain-free ferrite grains which grow to the surrounding deformed ferrite grains during cooling and coiling simulation at 700 °C, leading to the coarse-grained structure. The microstructural change with the finishing temperature in hot-rolling is partially responsible for the change in the textural evolution during the subsequent cold-rolling and annealing, since cold-rolled microstructure is still reflecting the coarse structure of the hot-rolled steel. Therefore, the formation of {111} grains at grain boundaries of deformed ferrite grains is overcome by a stronger development of the {100} <011> orientation in the annealed sheet, leading to a subsequent decrease in r m values. Figure 16 shows the effect of CT on r m value. Regarding the hot rolled material, the effect of CT is negligible.
Only a slight increase of r m is observed at low CT values. However, a clear influence on cold-rolled and annealed material is observed. This behavior is consistent with experimental observations [30] [31] , where it was reported that final textures are improved by coiling the hot band at high temperature, i.e. above about 700°C. With hightemperature coiling, the carbide precipitation occurs during very slow cooling of the coiling, and the carbide constituents become coarser and more widely dispersed. Therefore, the ferrite becomes almost completely pure, since any residual carbon diffuses to the cementite particles and precipitates out [32] [33] . If these carbides are widely spaced and if the steel is heated rapidly after cold rolling, it is possible for recrystallization of the ferrite to take place before significant re -solution of the carbon can occur. The resulting texture contains a strong {111} component, and hence a high r m value.
Figure 17(a) shows the evolution of r m value with annealing temperature after cold-rolling (80% reduction in thickness). It could be concluded from the figure that the higher the annealing temperature the higher the r m value. This is consistent with the work reported by Petite et al. [27] which demonstrated that there is a linear relationship between the recrystallized grain size and the r m value. Therefore, the higher the annealing temperature, the coarser the grain grows and hence higher values of r m are achieved.
On the other hand, the carbide dispersion formed during coiling is very important since coarse carbides are very effective on on wiping out carbon from ferrite matrix, but fine dispersion of carbide particles produced by low-temperature coiling can release carbon into the matrix during cold rolling by a kind of mechanicaldissolution process. According to this view, the dissolved carbon causes dynamic strain aging and leads to inhomogeneous (constrained) deformation in the form of shear bands, which, on subsequent annealing, induce nucleation of unfavorably oriented grains [34] . The fact that carbon can operate in two different ways, i.e.
during deformation and during annealing, is highly confusing. In order to clarify this combined effect, Fig. 18 shows the combined influence of CT and AT on r m values. It is clear from the figure that the best result in terms of high r m value is obtained at high-CT combined with high-AT values, where the coarser carbides are formed and the fast recrystallization will avoid the nucleation of some unfavorable recrystallized grains around the coarser carbides [35] [36] . Table 3 . Models in committee for each of the components of -fiber and -fiber.
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